Excessive fat deposition is a negative factor for poultry production because it reduces feed efficiency, increases the cost of meat production and is a health concern for consumers. We genotyped 497 birds from a Brazilian F 2 Chicken Resource Population, using a high-density SNP array (600 K), to estimate the genomic heritability of fat deposition related traits and to identify genomic regions and positional candidate genes (PCGs) associated with these traits. Selection signature regions, haplotype blocks and SNP data from a previous whole genome sequencing study in the founders of this chicken F2 population were used to refine the list of PCGs and to identify potential causative SNPs. We obtained high genomic heritabilities (0.43-0.56) and identified 22 unique QTLs for abdominal fat and carcass fat content traits. These QTLs harbored 26 PCGs involved in biological processes such as fat cell differentiation, insulin and triglyceride levels, and lipid biosynthetic process. Three of these 26 PCGs were located within haplotype blocks there were associated with fat traits, five overlapped with selection signature regions, and 12 contained predicted deleterious variants. The identified QTLs, PCGs and potentially causative SNPs provide new insights into the genetic control of fat deposition and can lead to improved accuracy of selection to reduce excessive fat deposition in chickens.
In the past, slow growth rates were a challenge in poultry production systems; consequently, intensive selection of this trait in elite great-grand parent lines has dramatically increased poultry productivity. Modern commercial broiler chickens are produced from crosses that have been simultaneously selected for rapid growth, increased meat-production, and improved carcass yield 1, 2 . However, chickens selected for higher body weight might exhibit increased appetite and excessive energy consumption, which may lead to excessive fat accumulation [3] [4] [5] . Excessive fat deposition in chickens is a negative factor for meat production because it reduces feed efficiency and the value of the carcass 6 . Therefore, understanding the genetic architecture, uncovering genomic regions, and finding positional candidate genes (PCGs) associated with fat deposition related traits could be helpful in breeding programs.
A total of 200 quantitative trait loci (QTL) have been reported for abdominal fat weight, 139 for abdominal fat percentage and 11 for carcass fat content 7 . Previous QTL studies, performed in the same population evaluated in this study (Embrapa F 2 Chicken Resource Population) using 128 microsatellite markers for 22 autosomal chromosomes, mapped QTLs for abdominal fat traits [8] [9] [10] and carcass fat traits 9 , but the genomic locations of these QTL had large confidence intervals. Genotyping of animals using high-density marker arrays can help the identification of genomic regions with smaller intervals , ranged from 0.41 to 0.85 for these regions, and the percentage of genetic variance explained by the windows ranged from 0.53 to 1.71.
Many SNPs were fitted simultaneously in the model (see Methods), and due to high linkage disequilibrium, the QTL effect will be distributed across these markers, shrinking the SNPs effects at individual loci 18 . In order to identify the SNPs within the windows most probably linked to the QTL, we selected those with highest model frequency (Table 2) , as adopted by Van Goor et al. 19, 20 . The characterization of those SNPs including their effect, frequency in the population and frequency in the founder lines (TT and CC) is available in Supplementary Spreadsheet S1.
Carcass fat content exhibited the highest number of significant QTLs ( Fig. 1) , followed by ABF, CFCDM and ABFP (Supplementary Figs S1, S2 and S3). For CFC, the region that explained the largest amount of genetic variation was on GGA1 (175 Mb), with 1.28% of the genetic variance. For ABF, the region was on GGA1 (53 Mb), with 1.32% of the genetic variance. For CFCDM, it was on GGA28 (4 Mb), with 1.71% of the genetic variance, and for ABFP, it was on GGA28 (0 Mb), with 1.09% of the genetic variance.
Adjacent significant windows were considered as likely representing the same QTL, and their respective percentages of genetic variance explained were summed. For abdominal fat traits, three adjacent windows on GGA1 (52-54 Mb) were associated and cumulatively accounted for 3.3% of the genetic variance for ABF, and two adjacent windows on GGA2 (61-62 Mb) cumulatively accounted for 2.17% and 1.37% of the genetic variance for ABF and ABFP, respectively (Table 2) .
For carcass fat content traits, four adjacent windows on GGA1 (168-171 Mb) were associated and cumulatively accounted for 3.27% of the genetic variance for CFC; two adjacent windows on GGA7 (35-36 Mb) cumulatively accounted for 2.18% and 1.31% of the genetic variance for CFC and CFCDM, respectively; two adjacent windows on GGA15 (9-10 Mb) cumulatively accounted for 1.53% of the genetic variance for CFC; and two adjacent windows on GGA28 (3-4 Mb) cumulatively accounted for 2.47% of the genetic variance for CFCDM (Table 2) . Co-located QTLs (the same QTL associated with abdominal fat and carcass fat content traits) were identified on GGA1 at 53 Mb, GGA1 at 179 Mb, GGA7 at 35 Mb and on GGA28 (3-4 Mb).
Overlap with previously reported QTLs. The 22 QTL regions identified in our study overlapped with 56 previously published QTLs for fatness traits mapped in different populations. The QTL on GGA28 at 0 Mb is novel (Table 3) .
Five of the detected QTLs overlapped with known QTLs for ABF, CFC and CFCDM mapped in the same F 2 population 9,10 used herein (Table 3) . These known QTLs covered 1.9 Mb (#11817 and #11809), 23.1 Mb (#17129), 2.7 Mb (#17122), and 23.1 Mb (#17130 and #17120).
Positional candidate genes, overlap with selection signature regions, haplotype blocks and screening of sequencing SNPs. From the 22 QTLs identified, 14 contained PCGs selected based on Gene Ontology terms related to fat deposition from literature records. Among these, four PCGs overlapped with selection signature regions (Table 4 ; Supplementary Fig. S4 .) identified in a previous study from our group 21 . In that previous study, our group reported a genome-wide characterization of regions under selection based on the Fst method applied to the sequencing variants of 14 broilers and 14 layers (founders of Embrapa F 2 Chicken Resource Population) 21 . One PCG (CRY1) was located 1.5 kb from a selection signature region (Table 4 , Supplementary  Fig. S4 ). In order to demonstrate further support for our findings, we checked the distribution of SNPs model frequencies within the genomic windows and their overlap with selection signature regions. Manhattan plots for ABF, CFC and CFCDM are presented in Fig. 2 .
Those SNPs with the highest model frequency within the large effect genomic windows are likely to be in linkage disequilibrium with the candidate genes and causative mutation. Thus, the detection of haplotype blocks was performed and three PCGs were located within haplotypes blocks that harbored the SNPs with the highest model frequency within the associated genomic window. The characterization of the genomic windows, haplotype blocks and the overlapped PCGs are shown in Table 5 . All of the haplotype blocks detected and the harboring SNPs with the highest model frequency in each associated genomic window can be found in Supplementary Spreadsheet S2.
Using the SNP data generated from the whole genome sequence of the founders of this population, we observed that 15,036 SNPs were located in the 26 PCGs. The annotation of these SNPs are in Fig. 3 .
We also looked for potentially deleterious and high impact sequence SNPs, which may affect protein function or result in truncated proteins, based on SIFT score estimates and Ensembl prediction. Twelve potentially deleterious SNPs were identified in eight PCGs (Table 6 ), but none of the mutations in our PCGs were annotated as having high impact.
Discussion
Genomic heritability. Genomic heritability was estimated using relationships inferred from high-density SNP panel genotypes instead of pedigree-based relationships. The use of close relatives and a higher density of SNPs may lead to a better genomic prediction with less bias 22, 23 than can be achieved using pedigree-based relationships.
For the evaluated traits, pedigree-based heritability estimates were found in the literature. In a study with 1,069 purebred full-sib male chickens, Chen et al. 24 reported heritability estimates for ABF and ABFP of 0.62 and 0.24, respectively. Zerehdaran et al. 25 reported heritability estimates for ABF and ABFP of 0.62 ± 0.09 and 0.71 ± 0.09, respectively, using 3,278 chickens from a meat-type population after nine generations of intercrossing. A higher value was reported for ABF (0.82) using the records of 300 chickens from a commercial female grandparent stock 26 , and could be explained by the fact that female broiler chickens generally deposit more abdominal fat than male broiler chickens 4, 27 . In the same population (Embrapa F 2 Chicken Resource Population), pedigree-based heritability for ABF was estimated at 0.33 ± 0.19 in the F 2 -CTCT generation (layer males crossed with broiler females) and 0.82 ± 0.3 in the F 2 -TCTC generation (broiler males crossed with layer females) 28 . Considering the carcass fat content traits, heritability estimates for CFC expressed in percentage of wet carcass was 0.53 ± 0.10, and the heritability for fat percentage in dry-matter basis (CFCDM) was 0.55 ± 0.10, using records of 3,422 chickens 3 . Genomic heritability estimates for ABF (0.33) and ABFP (0.31) were reported in one recent study performed with 1,408 chickens from a Brazilian broiler population under multiple trait selection 29 . Our genomic heritability estimates (Table 1) for fat deposition related traits were high (greater than 0.43), similar to the pedigree-based heritability reported for the same traits in the same F 2 population. Therefore, a high proportion of the total variance for fat deposition traits is explained by genetic variance 22 , and selection against fat deposition can achieve good results in chicken.
Genome-wide association (GWAS).
We observed that genetic variation explained by each 1 Mb genomic window ranged from 0.53 to 3.3% depending on the trait analyzed. Cumulatively, the significant windows associated with ABF, ABFP, CFC and CFCDM explained 8.14%, 3.28%, 9.12% and 8.73% of the genetic variance, respectively. Previous QTL mapping studies, using microsatellites markers in the same experimental population evaluated here, detected QTLs explaining 6.65%, 12.18%, 9.9% and 11% of the phenotypic variance for ABF, ABFP, CFC and CFCDM, respectively 9, 10 , corroborating our findings. It is important to highlight that most of the genomic windows explained <0.53% of the genetic variance for the traits analyzed in our study (Supplementary Spreadsheet S3) and these percentages were not considered.
We performed the GWAS studies in a F2 experimental population generated from a cross between a white-egg type (layer, CC) line and a meat-type (broiler, TT) line 30 . These lines have a different background and previously underwent multi-trait selection for different traits for several generations, exhibiting considerable differences in growth and carcass traits 8, 31 . According to Campos et al. 10 , chickens from this broiler line exhibit 15 fold more fat deposition than hens from the layer line reared as broilers.
Almost all the QTLs detected overlapped with previously reported QTLs associated with fat deposition traits in this or in other populations, confirming and refining previous results. The QTL located in the first bases of GGA28 was novel and might be a population specific QTL. Additionally, the QTL located on GGA27 at 3 Mb associated with ABF overlapped with a QTL previously mapped in the TT Reference population for chicken skin weight and percentage, used as indicators of subcutaneous fat 29 . The TT Reference population originated after 17 generations of multiple trait selection on birds from the broiler line (TT) used in the cross to obtain the Embrapa F 2 Chicken Resource Population 32 . Thus, our findings indicate that even after many generations of multiple trait selection, the QTL located on GGA27 still has an effect on fat deposition whereas the other QTLs detected herein were fixed in the TT Reference population.
We compared the size of the QTL regions obtained in this study with a previous one that used 128 microsatellite markers in the same population 9, 10 . For example, the QTL for ABF on GGA27 at 3 Mb overlapped with two known QTLs mapped to a region of 1.9 Mb (#11817 and #11809). The high-density SNP panel narrowed this region down to a 1 Mb interval, thus allowing a more focused search for candidate genes.
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Known QTLs for fatness traits 33. b Indicates that this genomic window overlaps with known QTLs mapped in the same population 9, 10 . The QTLs mapped on GGA1 (at 53 and 179 Mb), GGA7 (35 Mb) , and GGA28 (3-4 Mb) were associated with both abdominal fat and carcass fat content traits, indicating that they might be pleiotropic or reflect multiple causal mutations in the same QTLs.
We checked the overlap of our QTLs associated with fat deposition related traits and previously mapped QTLs for body weight at 35 (BW35) and also 41 (BW41) days-of-age mapped in the same F2 population 8, [33] [34] [35] . From the 22 QTLs detected, 17 did not overlap with QTLs for body weight traits as expected since we included BW42 as a covariate in our analysis. The inclusion of BW42 as a covariate allowed the detection of 17 QTLs associated with fat deposition traits but with no phenotypic association with body weight traits. The five QTLs that overlapped with BW traits may have pleiotropic effects.
Positional candidate genes for fat deposition. Positional candidate genes were selected based on their associated Gene Ontology (GO) terms and literature information. From the 26 PCGs selected, 17 showed GO terms for fat cell differentiation, insulin and triglycerides levels among other processes involved in fat deposition (Table 7) .
From the genes related to lipid metabolic processes described in Table 7 , eight were annotated with GO terms for insulin synthesis, secretion and regulation, including the IL6 gene that exhibited a GO term for positive regulation of pancreatic β cell activation (responsible for synthesizing and secreting insulin 36 ). Increases in insulin levels in chicken may affect expression of genes related to glucose and lipid metabolism 37 , consequently affecting fat accumulation. Based on these facts, we considered the genes annotated with GO terms related to insulin as PCGs for lipid metabolism and fat deposition regulation in chicken.
Several genes, namely PLA2G1B, SELM, DOK5, HTR2A, and GDF3 have been previously associated with obesity [38] [39] [40] [41] [42] . The PLA2G1B gene harbored a SNP associated with fat accumulation and distribution in humans 38 . In mice, the knock-out of SELM gene resulted in elevated white adipose tissue deposition 39 . In the DOK5 gene, genetic variants were associated with obesity in North Indian patients 40 . In the HTR2A gene, polymorphisms were associated with central adiposity in a study with humans 41 . Mice that were GDF3 deficient exhibited a modest reduction in adiposity 42 . These studies corroborate the selection of these genes as PCGs for fat deposition. Four genes were located within selection signature regions previously identified 21 in founders of the F 2 population used in this study: CHST11, NR4A2, GPD2 and INSR (Supplementary Fig. S4 ), indicating that SNPs in these genes exhibit frequency differences between the parental lines, and may be associated with fat deposition. Thus, these genes exhibits additional evidences to support their selection as candidates, even considering that the selection signature regions did not overlap with the SNPs with the highest model frequency in each window (Fig. 2) ; in most cases, are located nearby. Moreover, NR4A2, GPD2 and INSR were located within haplotype blocks that harbored the SNP with the highest model frequency within the genomic window associated, providing additional information in support of the PCGs. The CHST11 gene is associated with lipid metabolism, and its expression affects lipid accumulation in adipocytes 43 . The NR4A2 gene encodes a member of the steroid-thyroid hormone-retinoid receptor superfamily. NR4A receptors regulate hepatic glucose 44 , and consequently, lipid metabolism. Additionally, this gene influences retinoid signaling [44] [45] [46] , and although the mechanisms have still not been clearly elucidated, it is known that retinoid plays an important role in lipid metabolism 47 . The protein encoded by GPD2 gene acts on the mitochondrial membrane, and its expression may affect gluconeogenesis and glucose homeostasis 48 . In a study with mice, Brown et al. 49 reported a reduction of 40% in the weight of white adipose tissue in the individuals with knocked-out GPD2. NR4A2 and GPD2 genes overlapped with one selection signature region ( Supplementary Fig. S4 ), indicating that selection possibly affected the frequency of SNPs in both genes. These SNPs may be associated with glucose homeostasis and lipid metabolism.
The INSR gene plays an important role in insulin signaling 50 , and as mentioned before, insulin levels affect lipogenesis, and consequently, lipid accumulation. Additionally, the INSR gene overlapped with a selection signature region previously reported ( Supplementary Fig. S4 ) with genetic variants mainly fixed in the broiler line 21 . These findings indicate that selection could affected the frequency of SNPs in this PCG leading to changes in lipogenesis and lipid accumulation in chickens. In humans, CRY1 is expressed in subcutaneous abdominal and visceral fat depots 51 . In chicken, the CRY1 gene is located 1.5 kb from a selection signature region previously identified in chicken by our group 13 ( Supplementary  Fig. S4 ). Genetic variants located in this gene may have their frequencies affected by selection 52 . Seven other genes (MB, SLC7A1, SLC1A6, SLC25A42, SLC5A5, SLC39A3 and SLC35E1) were not annotated with GO terms related to fat deposition but were considered PCGs for fat deposition for the reasons explained below. Myoglobin (MB) expression was associated with fatty acid metabolism in a study with mice 53 . Members of the solute carrier (SLC) family encodes membrane-bound transporters 54 , and one of these has been associated with obesity in humans 55, 56 . Additionally, the SLC1A6 gene belongs to the SLC1 family that regulates glutamate transport, and in liver cells, this amino acid is a precursor of fatty acid biosynthesis 57 . In a study with rats, mice and rabbits, Collin et al. 58 demonstrated that glutamate transporter activity might regulate energy balance. Energy balance is directly related with fatty acid biosynthesis and consequently, fat storage.
Some positional candidate genes were considered based on their function on lipid metabolism in mammals, because no information was available in chickens. Although many studies reported that the function of some genes can be different in chickens compared to mammals [59] [60] [61] [62] [63] [64] [65] , Li et al. 59 reported differentially expressed genes consistent with conservation of lipid metabolism and adipogenesis processes in chicken and mammal. We performed an investigation for potential candidate genes based on GO terms and literature information, and we considered those genes as candidates for fat deposition regulation in chickens. We suggest further functional studies to validate our findings.
SNPs annotated in PCGs genes.
The density of sequence SNPs in our PCGs ranged from 13 to 116 SNPs/ kb, with an average of 40 SNPs/kb. Previous studies in chicken reported average density of SNPs across the entire genome ranging from 5 to 78 SNPs/kb 50, 66 , corroborating our findings. The top three genes with the highest SNP density were SELM, PLA2G1B and SLC39A3 (Table 4) . These genes should be thoroughly investigated, since this variability may be affecting fat deposition in the F 2 Chicken Resource Population.
Genetic variants in PCGs that overlapped with selection signature regions may exhibit polymorphisms responsible for phenotypic variation [67] [68] [69] . Moreover, haplotype blocks that harbor the SNP with the highest model frequency can carry the causative mutation 70, 71 . Thus, the genetic variants annotated in potentially functional gene regions from CRY1, CHST11, NR4A2, GPD2 and INSR are important candidates for further association and functional studies.
Approximately 65% of the sequence SNPs detected in our PCGs were located in intronic regions (Fig. 3) . Intronic SNPs can modulate gene expression, and consequently, affect the phenotype 72, 73 . However, they are commonly deemed as potentially neutral. The other 35% of the SNPs detected were annotated in functional gene regions: up/downstream from the gene, 3'and 5'-UTRs, exons (synonymous and non-synonymous), and splice sites (Fig. 3) .
Variants in coding regions can be related to phenotypic variation, and, more specifically, non-synonymous variants imply amino acid changes 74 . Changes in amino acids can potentially affect protein function. To predict whether SNPs in coding regions are deleterious or not (may affect the protein function), we predicted the SIFT score as described in the Methods section.
Twelve potentially deleterious SNPs were identified in eight PCGs (Table 6) , and most of them are located in PCGs involved in lipogenesis, levels of triglycerides and obesity. Moreover, two of these genes exhibited more than one deleterious mutation: NR4A2, involved in the regulation of hepatic glucose affecting lipid metabolism, and TM6SF2, involved in the regulation of triglyceride levels in the liver. Changes in the function of these genes may affect fat deposition in chicken. All deleterious mutations are important candidates for further association and functional studies.
From the 12 potentially deleterious SNPs, only rs315426765 SNP on the TM6SF2 gene was present in the Affymetrix genotyping array. However, that SNP was removed after genotyping quality control due to low MAF. The search for potential candidate SNPs identified previously from whole genome sequence data in similar chicken populations allowed us to identify a great number of SNPs, which are not present in the Affymetrix genotyping array, improving our chances to identify potentially causative mutations.
In summary, our study identified 22 unique QTLs for abdominal fat and carcass fat content, and approximately 40% of the QTLs detected were considered novel QTLs for the traits analyzed. The 22 QTLs detected harbored 26 PCGs that were involved in biological processes of fat deposition. Three of these 26 PCGs were located within haplotype blocks that were associated with fat traits and five of these 26 genes overlapped with selection signature regions. From the total number of SNPs annotated in PCGs, approximately 35% were in functional regions, and from those 12 were predicted to be deleterious variants. The NR4A2 gene is a strong candidate for fat deposition regulation in chicken, since it is within a QTL for carcass fat content traits, is in linkage disequilibrium with the SNP with the highest model frequency, is under selection in the founder lines, and contains three potential causal SNPs.
GWAS using a high density of SNPs allowed us to map QTLs with better resolution than previously done with microsatellite markers, thus facilitating the search for PCGs. The integration of haplotype blocks detection, selection signature regions and potentially deleterious SNPs allowed us to refine the list of PCGs for fat deposition traits. The PCGs identified, especially those within the haplotype blocks, overlapped with selection signature regions and harboring genetic variants located on potentially functional gene regions, are strong candidates for selection in poultry breeding programs aiming to improve the accuracy of selection and reduce excessive fat deposition. Further functional validation studies could be helpful to understand the role of the candidate genes and genetic variants associated with fat deposition regulation. 
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. All the birds from the Embrapa F 2 Chicken Resource Population were reared as broilers with free access to water and a corn and soybean meal-based diet 33 . More details of the diet content can be found on Nones et al. 9 . This F 2 -TCTC generation was previously used to map numerous QTLs for performance, carcass and chemical component traits [8] [9] [10] 31, 33, 75 using microsatellite markers. For the study reported in this paper, selection of families for genotyping and GWAS was based on F1 males that appeared to be heterozygous for QTL effects reported in previous studies.
Phenotype measurement. A total of 502 chickens from the F 2 population were slaughtered and eviscerated at 42 days of age, after 6 h of fasting to avoid contamination of the carcass during slaughter and post-slaughter processing. The body weight at 42 days of age (BW42) was measured and carcasses were stored at 4 °C for 6 h. Then, the carcass and its cuts were weighed. Abdominal fat was removed from chilled carcass for weighing (abdominal fat weight, ABF). Abdominal fat percentage (ABFP) was calculated dividing ABF by BW42 and multiplying by 100 10 . Fat (ether extract) was measured by near-infrared reflectance spectroscopy (NIRS) and estimated as percentage according to the weight of each sample (250 g of ground and homogenized carcass) 9 . Carcass fat content weight (CFC) was estimated by multiplying the percentage in the sample by BW42. Carcass fat content on dry matter basis (CFCDM) was estimated dividing sample fat by carcass dry matter content and multiplying by 100. More details about trait measurement can be found in Campos et al. 10 , Nunes et al. 3 and Nones et al.
9
.
DNA extraction, genotyping and quality control. Genomic DNA was extracted from blood samples with DNAzol ® protocol. After extraction, DNA integrity was evaluated on agarose gel (1%), quantified in spectrophotometer NanoDrop ® (Thermo Fisher Scientific), and diluted to the final concentration of 20 ng.µL
. Diluted genomic DNA was prepared for genotyping following Affymetrix protocols and genotyped with the 600 K Axiom Chicken Genotyping Array. That array comprises SNPs chosen to be segregating for different chicken lines 66 . Quality control analysis and genotype calling were performed with Affymetrix Power Tools v1.17.0 (APT). Samples that exhibited DishQC ≥0.82 and call rate ≥90% were kept for further analysis. Among those high-quality samples, the most accurate and polymorphic marker SNPs, with call rate ≥98% and minor allele frequency (MAF) ≥2%, were kept for further analysis. In this step, R scripts from the package SNPolisher were used. SNPs located in the sex chromosomes, unmapped linkage groups, without genomic annotation and those that were monomorphic were removed from the analysis. SNP annotation was based on the Gallus_gallus-5.0 chicken assembly (NCBI). Missing genotypes were replaced by their average covariate value at that locus 76 .
Descriptive statistics and heritability. The mean and standard deviation of each phenotype were calculated using in-house scripts in R software (http://www.r-project.org/). The estimation of variance components was performed using a Bayes C model in GenSel software 18 . The resultant posterior means of the variance components were used as priors in a Bayes B model to estimate genomic heritability for each trait using GenSel. Sex and hatch were included as fixed effects in the model, and BW42 was used as a fixed covariate for ABF and CFC.
Genome-wide association analysis. The SNPs retained after quality control were used in the GWAS analysis with a Bayesian approach, performed with the GenSel software 18 . In the first step, a Bayes C model was used to estimate the genetic and residual variances, and these values were used to run a Bayes B model, as performed by Cesar et al. 76 . The Bayes B model samples the effects of SNPs assuming that some fraction of their effects are zero and with unequal variance of each effect 77 . The mathematical model presented below was used in the association analysis:
In this model, y represents the vector of phenotypic values; X is the incidence matrix for fixed effects; b is the vector of fixed effects; k is the number of SNPs; a j is the column vector representing the SNP as a covariate in locus j coded with the number of B alleles; βj is the random substitution effect for locus j assumed to be normally distributed N (0, σ 2 βi ) when δj = 1 but βj = 0 when δj = 0, with δj being a random variable 0/1 indicating the absence (with probability π) or presence (with probability 1-π) of the locus j in the model, and e is the vector of residual effects assumed to be normally distributed N (0, σ 2 e ). Sex and hatch were included as fixed effects in the model, and BW42 was used as a fixed covariate for ABF and CFC. We assumed π = 0.9988 in the Bayes B models and obtained 41,000 Markov Chain Monte Carlo (MCMC) samples with the first 1,000 samples being discarded. A map file was used to position the SNPs into 943 non-overlapping windows of 1 Mb. We adopted 1 Mb non-overlapping windows in our study in agreement with other recent GWAS studies in chickens reported in the literature using genomic prediction methodology 19, 20, 78, 79 . Many SNPs were fitted simultaneously in the model and due to high linkage disequilibrium, the QTL effect can be distributed across these markers 18 , and these previous studies showed that the 1 Mb windows can capture the effects.
Each window is expected to explain 0.106% of the genetic variance (100%/943) based on an infinitesimal model 20 , and windows that explained five times more than the expected value (0.53%) were considered to be biologically significant. Thus, we selected only biologically significant windows to characterize and identify PCGs. Additionally, within each significant window (QTLs), we selected the SNP most frequently included in the model.
Overlap with previously mapped QTLs. We checked the overlaps of all genomic windows detected with QTLs previously mapped in chicken 7 , using Chicken QTLdb -release 33, accessed in September, 2017. We used the search tool in Chicken QTLdb website, using our QTL coordinates based on Gallus_gallus-5.0 chicken genome assembly. Previously mapped QTLs overlapped were reported by their respective QTL ID numbers. The genomic windows that did not overlap with previously annotated QTL regions were considered novel discoveries.
Identification of candidate genes, overlap with selection signature regions, haplotype blocks and SNP screening. The goal of this study was to investigate PCGs based on literature information to provide new insights for further studies, and also to better understand the genetic architecture of fat deposition traits. In this context, the list of annotated genes within each associated genomic window were searched using NCBI and OMIM databases, the BioMart tool and literature to find GO terms and biological processes related to abdominal fat, lipid metabolism, fat content, and fat deposition. For all the analyses, we considered the gene annotation from Ensembl Genes 90 Database and the Gallus_gallus-5.0 (NCBI) chicken genome assembly.
To refine the list of candidate genes, we compared our list of PCGs against selection signature regions identified in a previous study with 28 parental chickens from the two lines that generated the F 2 population analyzed in our study 21 . That study used whole genome sequence to identify genetic variants and applied the Fst method 21, 80 to estimate the divergence between populations and identify regions under selection (TT vs. CC lines). We used the CrossMap tool (http://crossmap.sourceforge.net/) to convert selection signature coordinates (from Gallus_ gallus-4.0) to the Gallus_gallus-5.0 chicken genome assembly (NCBI).
We also compared our list of PCGs against the haplotype blocks that harbored the SNPs with the highest model frequency within each associated genomic window. PLINK v.1.9 81 software was used to detect the haplotype blocks, with default parameters.
Additionally, to identify potential candidate genetic variants for fat deposition in chicken, we performed a screening of SNPs located in PCGs, using the same dataset of sequencing SNPs used to detect the selection signature regions (all the 13 million SNPs from NGS data identified were submitted to dbSNP-NCBI with the handle "LBA_ESALQ") 21 .
In order to refine our list of PCG variants, we searched for genetic variants predicted as deleterious and high impact. To predict whether SNPs in coding regions are deleterious or not (may affect the protein function), we obtained the SIFT (sorting intolerant from tolerant) scores. That score is an assessment of the level of conservation in homologous protein sequences 82 implemented by the VEP tool 83 . SIFT scores were predicted for all non-synonymous and stop codon (gained/lost) variants located in the PCGs.
The prediction of high impact SNPs was also performed using the VEP tool 83 that provides an estimation of the putative impact of the variant classified as high impact, i.e. annotating all the mutations annotated as transcript ablation, splice acceptor, splice donor, stop gained, frameshift, stop loss, start lost and transcript amplification, mutations that may cause protein truncation, loss of function or trigger nonsense mediated decay (http:// www.ensembl.org/info/genome/variation/predicted_data.html).
Data Availability
All SNPs reported (identified by sequencing) were submitted to dbSNP-NCBI with the handle "LBA_ESALQ". The datasets used and/or analysed during the current study (genotypes and phenotypes) are available from the corresponding author on reasonable request.
